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ABSTRACT 
 
Quantitative Precipitation Estimates (QPE) are currently the precipitation input used in 
hydrological models. Utilization of Quantitative Precipitation Forecasts (QPF) instead of QPE as 
the hydrological model input would improve warning lead times for flash and river flooding and 
provide emergency managers advanced warning to help mitigate damages. Currently, 
displacement magnitude errors which can misrepresent the location of impacts limits QPF 
utilization. This study examines displacement errors in two convective allowing ensembles, the 
High Resolution Rapid Refresh (HRRRE) and the High-Resolution Ensemble Forecast (HREF), 
to determine generalized displacements errors, as well as if initiation hour displacements might 
help project the overall displacement of the system, to help improve QPF displacement errors. A 
systematic westward bias in QPF displacement was found in HRRRE, along with individual biases 
among certain members of HREF. While a relationship between initiation hour displacements and 
accumulation displacements is suggested, the nature of that relationship remains unclear. 
 
 
1. Introduction: 
 
 Flash and river flooding are 
significant and costly issues throughout the 
United States. Since 1980, 29 flooding events 
have incurred at least one billion dollars’ 
worth of damage each year (National Centers 
for Environmental Information 2018).  To 
minimize damages from these floods, 
communities need time to prepare for flash 
and river flooding. Providing timely 
warnings to emergency managers about an 
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impending flood threat is essential to achieve 
this goal.  
 Currently, many National Weather 
Service offices rely on Quantitative 
Precipitation Estimates (QPE), which 
describes a method to approximate how 
much precipitation has fallen in an area, 
generally given in a grid format, when 
forecasting for flash flooding scenarios. 
However, utilization of QPE requires rain to 
have already fallen. Therefore, lead-time is 
limited, especially in small basins where 
hydrological responses to precipitation 
happen quickly. The utilization of model-
generated Quantitative Precipitation 
Forecasts (QPF), which approximates how 
much rain is predicted to fall in a grid format, 
could improve warning lead times and ensure 
better responses to flooding threats.  
 QPF utilization in hydrological 
models does not come without challenges. 
Small errors in QPF displacements and 
intensity cause drastic shifts in what 
watershed basins will be impacted by 
flooding (Rezacova et al. 2011, 
Hapuarachchi et al. 2011), and as a result, 
QPF skill in flooding situations is not very 
good. For example, Herman and Schumacer 
(2016) evaluated QPF performance in 
extreme precipitation events for two models, 
the High-Resolution Rapid Refresh (HRRR) 
and the North American Mesoscale 4-km 
Nest (NAM-NEST). The HRRR, and 
especially the NAM-NEST, over-forecasted 
the frequency of extreme precipitation events 
throughout the 1 to 100 year return periods. 
For example, an extreme event expected once 
every year was predicted more frequently 
than it should have been, and the same is true 
for once every two years, three years, and so 
forth. 
 Also, QPF prediction by models has 
proven to be less skillful in the warm season 
(JJA) than in the cold season (DJF) (Gallus, 
2012; Sukovich 2014), implying that systems 
of a convective or otherwise mesoscale 
nature, which are more frequent in the 
summer months, are more difficult to predict. 
Unfortunately, these are the systems that 
produce the most flash flooding.  
One method to improve QPF skill is 
to use ensemble forecasts. Ebert (2001) found 
that using an ensemble with seven 
independent numerical weather prediction 
models usually resulted in a better 
precipitation forecast than any individual 
member. Du et al. (1997) concluded that 
using an ensemble average for the Short 
Range Ensemble Forecast resulted in reduced 
root mean square error in QPF placement 
compared to an individual member. These 
studies show that skill for the ensemble mean 
is typically higher than for any individual 
member. Hapuarachchi et al. (2011) mention 
how ensemble QPF skill shows promising 
applications for probabilistic hydrologic 
forecasting. Cuo et al. (2011) noted that using 
probabilistic ensemble QPF helps to display 
uncertainty and improve forecast skill when 
used in a hydrological model. Ensemble QPF 
shows promise as an alternative to 
deterministic QPF as an input to hydrological 
models.  
 Many studies have looked at 
methods for integrating ensemble QPF into 
hydrological models (Cloke and 
Pappenberger, 2009; Hapuarachchi, 2011). 
However, ensembles themselves are not 
perfect. Ensemble means tend to have 
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smoothed output, resulting in underestimated 
maximum QPF values, which in turn reduces 
accuracy in timing and magnitude of flooding 
for the areas impacted most severely (Ebert 
2001, Xuan et al. 2009). Hydrological model 
skill suffers if ensemble QPF has large spatial 
disparities (Xuan et al. 2009). Therefore, 
ensemble QPF, while better than 
deterministic QPF, also has problems which 
make its application as a forcing mechanism 
for hydrological models problematic, and 
analysis of preexisting displacement errors 
within the ensembles to be fed into the 
hydrological model is essential. For this 
study, two ensembles, the High-Resolution 
Rapid Refresh Ensemble (HRRRE), and the 
High-Resolution Ensemble Forecast (HREF) 
are used, due to their active use in short range 
forecasting for the Continental United States. 
 Ensemble displacement errors for 
HRRRE and HREF have not yet been 
examined, and although ensembles may be 
more skillful than individual models, it is 
known that ensembles overall are not 
immune to displacement biases (Xuan et al. 
2009).  Given the expanding use of ensemble 
QPF underway (Cloke and Pappenberger, 
2009; Hapuarachchi, 2011; Carlburg, 2018), 
an analysis of displacement errors would be 
beneficial.  Also, there is interest to see if one 
ensemble performs better than the other 
overall and if certain situations are more or 
less likely to have displacement errors. Thus, 
the research questions to answer are: 
 
1. Are there statistically significant 
precipitation displacement and/or 
magnitude errors in the HRRRE 
and HREF? 
2. Can displacements at 
precipitation initiation suggest 
displacements in the total 
accumulated QPF? 
 
 Answering these questions will 
provide an improved understanding of 
ensemble QPF displacement errors, the 
potential for improved forecasts, and better 
response times for flash and river flooding. 
 
II. Data and Methods: 
 
 
a. Domain 
 
The area of study for this project was 
the North Central River Forecast Center 
(NCRFC) area of responsibility, as depicted 
in fig. 1.The NCRFC was chosen due to its 
susceptibility to flash flood events, and the 
potential for model displacement errors to be 
regional. 
 
b Description of HRRRE and HREF 
 
The HRRRE and HREF high-
resolution ensembles have benefits to 
hydrologic prediction due to their ability to 
resolve smaller scale features crucial to the 
accuracy of predictions in small-scale basins. 
Clark and Gallus (2009) saw that convective 
allowing ensembles (CAE) provide better 
predictions over convective parameterizing 
ensembles for precipitation values higher 
than a quarter inch and forecast hours 9 
through 21, so CAEs were preferred.  
The HRRRE used the National 
Oceanic and Atmospheric Association 
(NOAA) Gridpoint Statistical Interpolation 
 
4 
 
analysis system for data assimilation and 
used boundary conditions from the Rapid 
Refresh Model, which itself was nested 
within the Global Forecasting System (Wu et 
al. 2002, Benjamin et al. 2016). Thompson 
and Eidhammer (2014) Microphysics was 
used. Both longwave and shortwave radiation 
were represented using the Rapid Radiative 
Transfer Model Global (Iacono et al. 2008). 
The Mellor–Yamada–Nakanishi–Niino 
(MYNN) scheme approximated the boundary 
and surface conditions (Nakanishi and Niino 
2009). HRRRE’s nine members are 
generated by random perturbations of input 
into the High Resolution Rapid Refresh 
(HRRR). More details on physics used in 
HRRRE can be found in Benjamin et al. 
2016. 
HREF acts as a set of four different 
schemes from two models, each contributing 
two members, with input data from the 
current time and 12 hours past, or a 12-hour 
time lag. HREF uses a multi-initial condition 
and multi-physics approach. Details on each 
members’ physics and initial condition 
schemes can be found in Jirak et al. (2018). 
 
c. Data Sources 
 
Data for both ensembles’ QPF and 
QPE came from different sources. QPE was 
obtained from the NCRFC, HRRRE QPF 
from a database maintained by the Global 
Systems Division of the Earth Systems 
Research Laboratory (Dowell et al. 2018), 
and HREF data through an archive at the 
National Severe Storms Laboratory (Roberts 
2018). 
 All QPE/QPF was stored in point-
grid form with QPE on a 4km grid, and 
HRRRE and HREF QPF on a 3km grid. QPF 
from HRRRE was re-gridded to 4km before 
analysis so that the data became compatible 
with hydrological model input needed for 
research that was ongoing. HREF was not re-
gridded, as it was not involved in this 
research, and does not affect centroid 
calculations significantly. QPE data covered 
the Upper Midwest, while HRRRE and 
HREF covered the entire continental United 
States. 
 
d. Case Selection 
 
To define a case, a rainfall event that 
fell within the NCRFC area of responsibility 
needed to be sufficient to produce a 
hydrological response in at least one 
watershed. A hydrological response is 
categorized as any noticeable, sharp, defined 
rise in gauge height correlated with the 
precipitation event for any stream gauge 
within. Cases had to be available for both 
HRRRE and HREF to be used. The total 
number of cases was 20, all from 2018. A  
Fig. 1: The NCRFC area of responsibility 
(solid), and the surrounding states (dashed). 
Any hydrograph monitored by the NCRFC 
which records a significant hydrological 
response signifies a case. 
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Fig. 2: An example of a case subset, indicated by a solid black line, for 6/14/2018 0z. Graphed 
is the 18-hour QPE for this case. Notice how QPE over Kentucky, Colorado, and north of North 
Dakota are excluded, as these QPE areas were not associated with the hydrological response 
observed with this case. 
comprehensive list of cases can be found in 
Appendix A.  
 
e. Subset Selection 
 
 As it is typical for more than one 
precipitating system to be represented in 
QPE/QPF, including those may not be related 
to the hydrological response, it is necessary 
to isolate the QPE/QPF event that caused the 
hydrological response. Thus, the domain 
must be reduced to a subset which only 
includes QPE/QPF pertinent to the case. 
Shown in fig. 2 is an example of a case 
subset. Subsets were made into rectangles, or 
at least follow lines of constant latitude or 
longitude, if possible. Subsets could not 
exceed the limits of either the observed QPE 
domain or the domain of the ensemble 
members, and subsets followed parallel to 
domain bounds if the case's QPE/QPF 
continued beyond the domain. If the event of 
interest did not overlap with QPE/QPF 
caused by another event, the subset boundary 
was drawn to include all QPE/QPF generated 
from that event. If instead the event of 
interest overlapped with others, the subset 
boundary was attempted to be drawn so that 
as much QPF from the event was included as 
possible, so long as contributions to QPF 
from the overlapping event were minimal. 
 
f. Criteria of Initiation Hour: 
 
 Initiation Hour for a case was 
determined by satisfying a set of parameters. 
Aerial extent of hourly QPE/QPF at or 
exceeding 1 mm/hr had to be at or greater 
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than an area of 1,000 km2. A maximum rate 
of 10 mm/hr or greater also had to be present. 
Furthermore, the system's aerial extent, 
intensity, or both, had to be increasing, or 
otherwise go on to produce the majority of 
QPE/QPF for the case. These criteria try to 
ensure an accurate and reliable method of 
determining when case pertinent QPF/QPE. 
 
g. Centroid Creation and Analysis: 
 
 To get an idea of the disposition of 
precipitation within the event system, we 
calculated the center of mass, or centroid, of 
QPF of the system. Centroids were calculated 
using a weighted mean. The formulae used to 
find the weighted mean centroid  (𝑀𝑥, 𝑀𝑦) 
are: 
 
𝑀𝑥 =
1
𝑛
∑(𝑃𝑥,𝑦 ∗ 𝑥)                                    (1) 
 
and: 
 
𝑀𝑦 =
1
𝑛
∑(𝑃𝑥,𝑦 ∗ 𝑦)                                    (2) 
 
Where 𝑛 is the number of points and 𝑃𝑥,𝑦 is 
QPE or QPF at point 𝑥, 𝑦. An analysis was 
performed for both initiation hour and 18-
hour accumulations for each case. The 
coordinates of the centroids were defined as 
latitude and longitude. For analysis, the 
coordinates were separated by components, 
with North and East was taken to be positive, 
and South and West taken to be negative. 
 To calculate displacement errors the 
equations used included: 
 
𝐸𝑥𝑖 = 𝑀𝑥𝑄𝑃𝐹 − 𝑀𝑥𝑄𝑃𝐸                               (3) 
 
and: 
 
𝐸𝑦𝑖 = 𝑀𝑦𝑄𝑃𝐹 − 𝑀𝑦𝑄𝑃𝐸                                    (4) 
 
Where 𝐸𝑥𝑖, 𝐸𝑦𝑖 describe the displacement 
error in the x and y direction for an ensemble 
member, respectively, 𝑀𝑥𝑄𝑃𝐹, 𝑀𝑦𝑄𝑃𝐹 
represent the QPF mean weighted centroid 
component of each respective direction, and 
𝑀𝑥𝑄𝑃𝐸, 𝑀𝑦𝑄𝑃𝐸 represent the QPE mean 
weighted centroid of each respective 
direction. This equation is applied both to the 
initiation hour and the 18-hour accumulation 
to find the displacement errors for both. 
Calculating displacements in this way meant 
that the displacement data could be 
considered normally distributed, so a one-
sided Student’s t-test was used to determine 
significance in both directions.  
  
h. Comparison of HRRRE and HREF 
 
As both accuracy and precision were 
vital for QPF’s use in hydrological models, 
the HRRRE and HREF ensembles were 
compared to each other. Displacement error 
significances were compared to test 
precision, and the magnitude of displacement 
variances were compared to test accuracy. 
This error analysis was done for both the 
initiation hour and the accumulation hour.  
 
i. Comparison of Initiation Hour and 
Accumulation Centroids 
 
To compare initiation and 
accumulation displacement errors we 
graphed each member of every case with 
these respective parameters, which was done 
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for HRRRE latitudinal displacements, 
HRRRE longitudinal displacements, HREF 
latitudinal displacements, and HREF 
longitudinal displacements. Once all points 
were graphed, a line of best fit was drawn to 
assess if initiation hour can accurately 
suggest accumulation hour.  Outliers were 
removed, due to their tendency to skew the 
line of best fit significantly, and as our 
interest was in finding if correlations between 
data could be found, and be a plausible 
forecasting tool, most of the time. If initiation 
hour displacement predicts the overall 
displacement perfectly, the line of best fit 
should be y=x, where x is the accumulation 
displacement error, and y is the initiation 
displacement error, with a root mean square 
error (RMSE) equal to zero, and a coefficient 
of determination (R2) equal to one. 
 
j. Assessment of Initiation Hour’s Use as a 
Predictor 
 
One important goal of this study was 
to determine if there was a way that initiation 
hour displacements can suggest 
accumulation displacements. Due to time 
constraints, we elected to use as simple, yet 
crude, method to do so: 
 
𝐸𝑥𝑑 = 𝑀𝑐(𝐸𝑥𝑎𝑐𝑐) − 𝑀𝑐(𝐸𝑥𝑖𝑛𝑖𝑡)                 (5) 
 
𝐸𝑦𝑑 = 𝑀𝑐(𝐸𝑦𝑎𝑐𝑐) − 𝑀𝑐(𝐸𝑥𝑖𝑛𝑖𝑡)                     (6) 
 
𝐸𝑥𝑐 = 𝑀𝑐(𝐸𝑥𝑎𝑐𝑐)                                           (7) 
 
and:  
 
𝐸𝑦𝑐 = 𝑀𝑐(𝐸𝑦𝑎𝑐𝑐)                                            (8) 
 
where 𝑀𝑐(𝑥) describes a function which 
takes the case or ensemble mean of the data,  
𝐸𝑥𝑑 , 𝐸𝑦𝑑 describes the mean difference error 
for each respective direction, which was the 
accumulation displacement error 
, 𝐸𝑥𝑎𝑐𝑐 , 𝐸𝑦𝑎𝑐𝑐, subtracted by the initiation 
hour error, 𝐸𝑥𝑖𝑛𝑖𝑡, 𝐸𝑦𝑖𝑛𝑖𝑡, and where 𝐸𝑥𝑐, 𝐸𝑦𝑐 
describes the case or ensemble mean 
accumulation displacement error. The mean 
difference error was calculated for both 
ensembles for every case, as well as for both 
ensembles combined.  The difference error 
was compared to the accumulation error by 
graphing (|𝐸𝑐|, | 𝐸𝑑|), for both ensembles 
and the combination of them, in both latitude 
and longitude. Also, we graphed y=x, which 
means that if |𝐸𝑐| > |𝐸𝑑|, mean difference 
error was a closer to QPE centroid, and if 
|𝐸𝑐| < |𝐸𝑑|, mean accumulation error was a 
closer to the QPE centroid. 
 
k. Longitude to Kilometers Conversion 
 
 Although the analysis was done with 
latitude/longitude coordinates, results are 
shown in kilometers. Where needed, 
Longitudinal conversions were approximated 
using the length of a degree of longitude at 43 
degrees of latitude. This approximation is 
reasonable, as most centroids fall within 42 
to 44 degrees of latitude.  
 
III. Results 
 
a. Magnitude of Displacement Analysis 
 
Tables 1a and 1b give a mean 
magnitude and standard deviation for QPE 
centroid displacement, for both accumulation 
centroids and initiation hour centroids,  
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respectively. The difference between the 
maximum and minimum mean displacement 
value was 16.759 km for HRRRE, and 
30.619 km for HREF, suggesting more 
variance among HREF members than 
HRRRE members. The collective mean and 
standard deviation values are slightly greater 
for HREF than HRRRE, suggesting that 
HREF accumulation centroids have slightly 
more spread and that HRRRE may be slightly 
more accurate than HREF for accumulation 
hour centroids. 
Magnitudes for initiation hour 
displacements showed far more variability 
than overall accumulations did. The 
difference between the maximum and 
minimum displacement value was 24.621 km 
for HRRRE, and 36.346 km for HREF. Like 
with accumulation centroids, the collective 
mean and standard deviation are slightly 
lower for HRRRE than HREF, suggesting 
that HRRRE is also slightly more accurate 
than HREF, and HREF also has slightly more 
spread than HRRRE, for initiation hour 
centroids 
 
b. General Accumulation and Initiation 
Centroid Displacement Errors for HRRRE 
and HREF 
 
 All displacement errors for each 
member of every case were graphed along  
Table 1:  Mean Magnitude of centroid displacements (|M|) from QPE for accumulation (a) and 
initiation centroids (b) for members of HRRRE and HREF and overall, along with standard 
deviation (StDev) of the data. The “Collective Mean” describes the mean of all combined 
displacements of all members. 
 
a. 
HRRRE: HREF: 
Member: |E|: StDev: Member: |E|: StDev: 
1 64.102 44.686 Hrwarwtl00 68.145 44.042 
2 65.539 28.639 Hrwarwtl01 84.444 53.623 
3 72.686 40.902 Hrwnmmbtl00 66.450 39.846 
4 56.961 42.936 Hrwnmmbtl01 77.739 44.948 
5 68.840 35.059 Hrwnssltl00 53.825 30.701 
6 57.835 42.934 Hrwnssltl01 92.999 45.716 
7 61.174 36.287 Namnesttl00 68.577 40.960 
8 73.720 50.944 Namnesttl01 63.340 30.290 
9 71.304 45.594    
Collective Mean: 65.796 40.860 Collective Mean: 71.940 42.618 
b. 
HRRRE: HREF: 
Member: |E|: StDev: Member: |E|: StDev: 
1 99.556 71.544 Hrwarwtl00 116.548 70.556 
2 99.074 73.555 Hrwarwtl01 116.125 91.247 
3 111.001 104.600 Hrwnmmbtl00 135.069 81.875 
4 87.930 72.940 Hrwnmmbtl01 144.401 97.433 
5 100.654 81.779 Hrwnssltl00 143.545 109.492 
6 86.38 74.597 Hrwnssltl01 139.822 112.350 
7 101.314 92.682 Namnesttl00 120.232 93.867 
8 104.847 70.878 Namnesttl01 152.984 99.466 
9 97.877 68.821    
Collective Mean: 98.737 78.386 Collective Mean: 133.591 94.225 
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with a 90% confidence bivariate ellipse, to 
get an idea of what general accumulation and 
initiation centroid displacement errors might 
exist, shown in fig. 3. For both HRRRE and 
HREF, initiation hour displacements showed 
more variation than the accumulation 
displacements, meaning variability 
associated with smaller coverage areas 
outweighs the tendency for spread to increase 
with forecast time in an ensemble. 
Furthermore, both HRRRE’s accumulation 
and initiation hours suggest a general 
westward bias in the ensemble.  
a. b. 
  
c. d. 
  
Fig. 3: Plots of a). HRRRE accumulation, b). HRRRE initiation, c). HREF accumulation, and 
d). HREF initiation latitude displacement errors vs longitude displacement errors for every 
member of every case, along with 90% confidence bivariate ellipses. To find displacement 
errors, a member’s latitude/longitude QPF centroid was subtracted by the QPE centroid 
(member minus observation). Therefore, positive values mean a northward or eastward bias in 
latitude or longitude, respectively, and negative values mean a southward or westward bias in 
latitude or longitude, respectively. 
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A summary of statistics for general 
accumulation centroid displacement errors 
for latitude and longitude can be found in 
table 2, and initiation centroid displacement 
errors in table 3. As expected, HRRRE 
showed systematic shifts throughout the nine 
members, when they existed. No strong 
significance was found with accumulation 
displacement errors along the latitudinal 
direction (table 2a), with right-tailed 
Cumulative Density Functions (CDFs) 
highly variable. Longitudinal accumulation 
displacement error significances for HRRRE, 
on the other hand, support the systematic 
westward bias observed in the HRRRE 
accumulation centroid displacement latitude 
vs. longitude plot, with all right-tailed CDFs 
above the 90% threshold, and eight of the 
nine above the 95% threshold. (table 2b). 
Unlike for accumulation 
displacement errors, HRRRE initiation 
displacement errors in the latitudinal 
direction (table 3a) showed some 
significance. Four of the nine members met 
the 95% threshold, and five of the nine met 
the 90% threshold, which suggests a potential 
systematic bias to the south for HRRRE. 
However, four of the nine members were 
below the 90% threshold, with the lowest 
right-tailed CDF being 0.720, precluding 
complete confidence in this result. HRRRE 
longitudinal initiation displacement errors, 
on the other hand, gave a similar result to 
their accumulation counterpart. All members 
were over the 95% threshold for the right-
tailed CDF, supporting the systematic 
westward bias observed in the in the HRRRE 
initiation centroid displacement latitude vs. 
longitude plot.  
HREF displacement errors for both 
accumulation and initiation centroids did not 
show any systematic biases and exhibited 
individual behaviors among members. This 
was not surprising given that its members act 
as independent members and as no clear 
biases were observed on their centroid 
latitude vs. longitude displacement plots. 
However, in some cases, individual members 
of HREF showed biases of their own, with 
one member each suggesting a southward, 
eastward, and westward bias for the 
accumulation centroids, and three members 
suggesting a southward bias for initiation 
centroids. More information on HREF 
displacement errors can be found in tables 2c 
and 2d for accumulation, and 3c and 3d for 
initiation hour. 
 
 c. Comparison of Initiation and 
Accumulation Centroid Displacement Errors 
in HRRRE and HREF 
 
 Shown in fig. 4 is the comparison of 
initiation and accumulation displacement 
errors for HRRRE and HREF, for both 
latitude and longitude. Overall, the line of 
best fit correlations proved to be weak, with 
high RMSE values and low R2 values. 
Nevertheless, all four graphs suggest a rough 
correlation between initiation hours and 
accumulation hours. Stronger correlations 
were found with HRRRE longitudinal 
displacements and HREF latitudinal 
displacements. The greater spread in HREF 
that was observed when comparing latitude 
vs. longitude displacement errors is also 
apparent when graphed here. Greater spread 
was also observed with HREF longitudes  
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Table 2: Latitude (north-south) (a, c) and Longitude (east-west) (b, d) accumulation displacement 
error means, standard deviations (StDev), T-statistics, and right-tailed cumulative density 
functions (CDF) for each member of HRRRE (a, b) and HREF (c, d), in kilometers. Displacement 
errors are calculated as member accumulation centroid minus observation accumulation centroid 
for each component. Positive values for mean displacements indicate a northward displacement 
for latitude, and an eastward displacement for longitude for longitude, and the converse is true 
for negative values.  
 
a. 
Member: Ey: StDev: T-Statistic: Right-Tailed CDF: 
1 0.999 48.212 0.0927 0.464 
2 -0.452 51.457 -0.039 0.515 
3 2.751 44.579 0.276 0.393 
4 6.685 37.441 0.798 0.217 
5 7.790 48.203 0.723 0.239 
6 -8.998 38.249 -1.052 0.847 
7 -5.340 45.796 -0.521 0.696 
8 3.912 51.522 0.340 0.369 
9 -2.489 48.353 -0.230 0.590 
b. 
Member: Ex: StDev: T-Statistic: Right-Tailed CDF: 
1 -39.821 80.359 -2.216 0.980 
2 -30.556 65.655 -2.081 0.974 
3 -42.720 91.630 -2.085 0.975 
4 -40.885 75.381 -2.426 0.987 
5 -42.374 74.615 -2.540 0.990 
6 -30.020 82.767 -1.622 0.939 
7 -29.261 71.763 -1.824 0.958 
8 -46.0127 95.712 -2.150 0.978 
9 -40.000 92.103 -1.942 0.966 
c.  
Member: Ey: StDev: T-Statistic: Right-Tailed CDF: 
Hrwarwtl00 7.814 42.503 0.822 0.211 
Hrwarwtl01 -2.527 46.449 -0.243 0.595 
Hrwnmmbtl00 10.977 37.681 1.303 0.104 
Hrwnmmbtl01 4.257 32.840 0.580 0.284 
Hrwnssltl00 -7.578 32.217 -1.052 0.847 
Hrwnssltl01 -22.617 48.415 -2.089 0.975 
Namnesttl00 0.154 29.888 0.0230 0.491 
Namnesttl01 1.123 33.156 0.152 0.441 
d. 
Member: Ex: StDev: T-Statistic: Right-Tailed CDF: 
Hrwarwtl00 19.963 57.942 1.541 0.070 
Hrwarwtl01 3.052 79.880 0.171 0.433 
Hrwnmmbtl00 -2.894 58.671 -0.221 0.586 
Hrwnmmbtl01 -17.578 76.455 -1.028 0.842 
Hrwnssltl00 9.577 49.046 0.873 0.197 
Hrwnssltl01 -13.223 75.433 -0.784 0.779 
Namnesttl00 -3.061 70.897 -0.193 0.576 
Namnesttl01 -14.151 53.123 -1.191 0.876 
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Table 3: Latitude (north-south) (a, c) and Longitude (east-west) (b, d) initiation hour 
displacement error means, standard deviations (StDev), T-statistics, and right-tailed cumulative 
density functions (CDF) for each member of HRRRE (a, b) and HREF (c, d) in kilometers. 
Displacement errors are calculated as member accumulation centroid minus observation 
accumulation centroid for each component. Positive values for mean displacements indicate a 
northward displacement for latitude, and an eastward displacement for longitude for longitude, 
and the converse is true for negative values. 
 
a. 
Member: Ey: StDev: T-Statistic: Right-Tailed CDF: 
1 -15.496 85.771 -0.808 0.785 
2 -32.280 70.554 -2.046 0.973 
3 -11.188 84.145 -0.595 0.720 
4 -20.741 52.383 -1.771 0.954 
5 -18.029 72.144 -1.118 0.861 
6 -37.553 48.856 -3.438 0.999 
7 -32.046 75.344 -1.902 0.964 
8 -25.595 67.325 -1.700 0.947 
9 -17.934 76.749 -1.045 0.845 
b. 
Member: Ex: StDev: T-Statistic: Right-Tailed CDF: 
1 -70.364 103.588 -3.038 0.997 
2 -46.247 131.314 -1.575 0.934 
3 -75.481 165.859 -2.035 0.972 
4 -54.156 129.395 -1.872 0.962 
5 -75.620 131.286 -2.576 0.991 
6 -57.033 122.016 -2.09 0.975 
7 -64.934 142.673 -2.035 0.972 
8 -71.368 129.557 -2.464 0.988 
9 -49.149 121.438 -1.891 0.957 
c. 
Member: Ey: StDev: T-Statistic: Right-Tailed CDF: 
Hrwarwtl00 5.242 57.867 0.405 0.345 
Hrwarwtl01 -17.481 73.475 -1.064 0.850 
Hrwnmmbtl00 2.719 63.043 0.193 0.425 
Hrwnmmbtl01 -28.860 88.891 -1.452 0.919 
Hrwnssltl00 9.849 53.831 0.818 0.212 
Hrwnssltl01 -21.502 58.187 -1.653 0.943 
Namnesttl00 9.308 52.288 0.796 0.218 
Namnesttl01 -35.543 71.556 -2.221 0.981 
d. 
Member: Ex: StDev: T-Statistic: Right-Tailed CDF: 
Hrwarwtl00 15.189 128.609 0.528 0.302 
Hrwarwtl01 2.0676 112.279 0.082 0.468 
Hrwnmmbtl00 -0.208 135.569 -0.07 0.503 
Hrwnmmbtl01 -19.210 128.866 -0.667 0.744 
Hrwnssltl00 -30.240 169.227 -0.799 0.783 
Hrwnssltl01 20.818 157.986 0.589 0.281 
Namnesttl00 -6.809 140.798 -0.216 0.584 
Namnesttl01 -21.266 151.799 -0.627 0.731 
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a. b. 
  
RMSE: 0.54 RMSE: 0.60 
R2: 0.177 R2: 0.374 
P: <0.001 P: <0.001 
c. d. 
  
RMSE: 0.59 RMSE: 1.36 
R2: 0.312 R2: 0.149 
P: <0.001 P: <0.001 
Fig. 4: Plots comparing initiation hour displacement errors against accumulation displacement 
errors. This includes a). HRRRE latitudinal displacements, b). HRRRE longitudinal 
displacements, c). HREF latitudinal displacement errors, and d). HREF longitudinal 
displacement errors. To assess any correlations that might exist, a line of best fit is calculated, 
along with its root mean square error (RMSE), coefficient of determination (R2), and P-Value. 
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Table 4: A summary of results comparing mean difference errors and mean accumulation errors 
for HRRRE, HREF), and combined for latitude (a) and longitude (b). Mean accumulation errors 
were less than mean difference errors were subdivided into cases where the difference error was 
shifted towards the direction of the centroid but overcompensated to the point where the 
magnitude of the accumulation error was still less, and when the difference error was simply 
shifted further away in the same direction of the accumulation error. 
 
a. 
Ensemble: |𝐸𝑐| > |𝐸𝑑| 
|𝐸𝑐| < |𝐸𝑑|, but 𝐸𝑐 
shifted towards 
centroid and 
overcompensated 
|𝐸𝑐| < |𝐸𝑑|, and 𝐸𝑐 
shifted away from 
centroid. 
HRRRE: 7 6 7 
HREF: 8 4 8 
Both: 6 6 8 
b. 
Ensemble: |𝐸𝑐| > |𝐸𝑑| 
|𝐸𝑐| < |𝐸𝑑|, but 𝐸𝑐 
shifted towards 
centroid and 
overcompensated 
|𝐸𝑐| < |𝐸𝑑|, and 𝐸𝑐 
shifted away from 
centroid. 
HRRRE: 12 3 5 
HREF: 8 4 8 
Both: 8 4 8 
than HREF latitudes, but this behavior does 
not appear in HRRRE.  
 
d. Comparison of Mean Difference Errors 
and Mean Accumulation Centroid 
Displacement Errors 
 
 Comparison of difference errors and 
mean accumulation centroid displacement 
errors were done with two different methods. 
Table 4 gives a summary of magnitude of 
displacement error comparisons between 𝐸𝑐 
and 𝐸𝑑. Second, figures 5 and 6 graph 
(|𝐸𝑐|, | 𝐸𝑑|), for HRRRE ensemble mean, 
HREF ensemble mean, and combined mean. 
Overall, table four shows that for 
most combinations, the difference errors 
were less than the accumulation displacement 
errors for about nine of twenty cases. 
Differences overall were not as precise as 
accumulation displacements.  
For some cases where mean 
difference errors were greater, the direction 
of the shift was towards the centroid. But, the 
value of the mean initiation displacement’s 
magnitude was too great to make the 
difference error less than the accumulation 
displacement error. The combined number of 
cases where this overcompensation occurred 
and where the absolute value of difference 
errors was less than the absolute value of 
accumulation displacement errors averaged 
about thirteen out of twenty cases for each 
category.  
Graphically, the representation of this 
data was noisy. Overall, it seemed that 
slightly more points resided above the y=x  
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a. b. 
  
c. d. 
 
 
Fig 5: Graphs comparing absolute values of mean accumulation displacement errors and mean 
difference errors, for each case, in kilometers, including HRRRE latitude (a), HRRRE longitude 
(b), HREF latitude (c), and HREF longitude (d). Also plotted is the line y=x. Points where y>x 
indicates the magnitude of the difference error was greater than the accumulation displacement 
error, and points where y<x indicate the magnitude of accumulation displacement error was 
greater than the magnitude of the difference error. 
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a. b. 
  
Fig. 6: Graphs comparing absolute values of mean accumulation displacement errors and mean 
difference errors, where the average includes the combined HREF and HRRRE ensembles, for 
all cases, in kilometers, including latitude (a) and longitude (b). Also plotted is the line y=x. 
Points where y>x indicates the magnitude of the difference error was greater than the 
accumulation displacement error, and points where y<x indicate the magnitude of accumulation 
displacement error was greater than the magnitude of the difference error. 
line, which makes sense given what the data 
on table 4 suggested. Nevertheless, the 
graphs do not seem to reveal any utilizable 
correlation between difference errors and 
accumulation displacement errors. 
 
IV. Discussion 
  
a. Analysis 
 
 As the HRRRE ensembles are 
generated through random perturbations of 
the input data, the expectation was that the 
mean and standard deviation would converge 
to near a single value for both accumulation 
and initiation, and overall provides an 
approximation to how close to the true values 
the centroid displacements are. Conversely, 
as the four component members of the HREF 
ensembles effectively act as independent 
schemes, convergence to a single value 
cannot be expected. Considering the 
systematic biases with HRRRE, and the 
individual biases with HREF, these 
expectations matched observations.   
 The low R2 values indicate that 
initiation displacement errors alone do not 
project accumulation displacement errors 
very well. However, the line of best fit for all 
graphs seems to approximate the expected 
relationship if initiation displacement errors 
predict accumulation displacement errors, 
which might imply that initiation 
displacements may still be useful in 
forecasting precipitation events.  
 One interesting observation from 
HRRRE displacement was the tendency for 
clustering of data on the accumulation 
displacement errors vs. initiation 
displacement error graphs. Clustering might 
occur due to HRRRE being a single model 
with nine random perturbations applied to it, 
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Fig. 7: (From Carlburg et. al, 2018) Plots comparing 12-hour accumulated WRF QPF (a) with 
12-h reported QPE (b), for 09 August 2015 through 18z, and the resulting streamflow from 
each (c), relative to the Squaw Creek watershed (outlined in black). Notice how a small 
displacement error in QPF can lead to a different hydrologic response in the watershed.  
 
so any major errors due to poor handling of 
input parameters or simply limited 
availability would be represented in all nine 
members.   
 The crude method of subtracting off 
the mean initiation hour displacement of QPF 
from accumulation hour displacements did 
not seem to improve displacement errors and 
possibly made them worse. However, the 
overcompensations that exist mean that crude 
shift may help slightly if the magnitude of the 
difference error is overall reduced. The 
consequence would be a reduction in the 
usefulness of the technique due to less ability 
to shift the QPF. 
 While the impacts of heavy 
precipitation placement depend on the shape 
and size of a watershed, QPF errors can have 
a significant effect on them as well. With 
displacement errors on the order of 66 
kilometers for HRRRE and 71 kilometers for 
HREF, the accurate prediction of flash and 
river flooding using QPF is still challenging. 
Carlburg et. al. (2018) gives a nice example 
of why this is, as shown in figure 7 for the 
Squaw Creek watershed. The WRF model 
showed a tight band of accumulated 
precipitation missing the Squaw Creek 
watershed to the Northeast. QPE ended 
further southwest, bringing high precipitation 
totals over the Squaw Creek watershed, 
which changed the hydrologic situation 
completely. Nevertheless, potential methods 
may exist which improve QPF for its use in 
hydrological models. For example, 
HRRRE’s systematic westward bias can be 
resolved with an east weighting. Individual 
members in HREF with notable biases, such 
as with namnesttl01 initiation southward 
bias, can be corrected with a north weighting 
of that member. Most importantly, 
correlations between initiation displacement 
and accumulation displacement errors, while 
weak, could suggest a baseline for how to 
shift QPF for an event once it begins. 
 
b. Limitations 
 
 Centroid displacement errors 
usefulness depends on a few assumptions. 
First, utilizing centroids sacrifices 
information on the shape and overall 
intensity of the system, both of which impact 
hydrological responses. Nevertheless, simply 
shifting QPF based on known preexisting 
biases or initiation hour could still provide a 
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means to improve hydrological forecasts, 
even if responses may not end up being what 
exactly is expected.  
 Recall that subsets attempt to isolate 
the precipitating system which resulted in the 
hydrological response. Calculating centroids 
must assume that the subset from which they 
are calculated includes all QPE or QPF from 
an event. Some precipitating systems 
continued beyond model or observational 
domains however, and subsets had to be cut 
off at the domain edges. Also, an accurately 
represented centroid must assume that the 
QPE/QPF in the subset included was only 
from the single precipitating system that 
caused the hydrological response. 
Unfortunately, overlap between the system of 
interest and other systems exist and even 
occasionally required subjectivity to resolve 
subset placement. Not changing subset 
bounds between HRRRE members, or 
between HREF members, and only changing 
it between the two when necessary and is still 
within the QPE domain, attempts to alleviate 
any biases that this subjectivity may 
introduce.  
Decisions on the parameters used to 
define initiation hour are themselves by 
nature subjective. Utilizing different 
parameters to define initiation hour can lead 
to variation in results. Usually, a maximum 
of at least 10 mm/hr rainfall rate was the 
threshold that defined initiation for most 
members at most hours and not 1000 km2 of 
1 mm/hr rainfall rate. Adjusting or 
experimenting with these numbers so that the 
two thresholds occur at approximately the 
same hour would provide more consistency 
with initiation hour QPE or QPF extents and 
intensities. Nevertheless, observations of 
event progressions suggest that these 
parameters are reasonable for being utilized 
as initiation hour. 
The difference analysis used the case 
mean of each ensemble for both 
accumulation and initiation hour in its 
derivation. The independence of HREF 
members means that this may not have been 
the best option. Different results may occur if 
difference errors were applied on an 
individual basis instead. 
Using a constant value to convert 
longitude into kilometers is not necessarily 
representative. While the estimated values in 
this direction are reasonably close enough to 
a degree of longitude at 43 degrees latitude, 
incorporating a better technique for 
longitudinal conversions into kilometers 
would help improve the accuracy of the 
results.  
While using a 3km grid for HREF, as 
opposed to the 4km used for regridded 
HRRRE and QPE, may not modify the 
centroid much, it would still be useful to 
incorporate a 4km grid into the HREF 
analysis in the future for parity. 
Using a small sample size of twenty 
members could also present limitations. 
Small sample sizes mean that the cases 
collected may not make a representative 
dataset and increases uncertainty in the 
results.  
 
V. Conclusions: 
 
 Utilization of QPF as opposed to QPE 
to drive hydrologic models would improve 
flash and river forecasting lead times, giving 
emergency responders more time to mitigate 
impacts. However, magnitudes of QPF 
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displacement errors, as well as difficulty 
pinpointing how specific watersheds will be 
impacted by flooding events, hinder its 
usage. This study examined two model 
ensembles, the HRRRE and HREF, to find 
first if there are any significant biases in these 
ensembles which can be anticipated, and 
secondly, if displacements of QPF at 
initiation can suggest the overall 
displacement of QPF, to attempt to improve 
forecasts. 
HRRRE centroids showed a 
systematic bias to the west for both initiation 
and accumulation centroids, and suggested a 
systematic bias to the south, compared to 
observational results. Although HREF did 
not show any significant systematic biases, 
individual members appear to suggest them. 
Attempting to improve displacement 
errors crudely by subtracting the initiation 
displacement error from the accumulation 
displacement error to create a difference error 
suggested that initiation displacements may 
not be an effective predictor of accumulation 
displacements using this method. However, a 
reduction in the magnitude of subtraction 
from the accumulation displacement term, as 
well as correcting displacements by member 
instead of taking a mean of displacement 
errors by ensemble might help improve on 
these results. 
When comparing initiation hour 
displacement to accumulation hour 
displacement, for both members and 
directions, correlations between the two 
tended to be weak. However, the general 
placement of the line of best fit tended to be 
where it was expected, suggesting initiation 
displacement could be a helpful factor in 
determining a forecast for accumulation 
QPF. Currently, research is ongoing to 
address these issues using a probabilistic 
approach to hydrological modeling. 
Probabilistic QPF (PQPF) could provide an 
improved alternative to QPF when it comes 
to forcing hydrological models, as it can 
provide insight on a range of impacts.  A 
hydrological model ensemble was developed 
to use each member of an ensemble's QPF or 
PQPF to test the theory, as well as their shift 
in each cardinal and intermediate direction. 
(Carlberg, et al. 2018). The model members 
can be weighted based on any known 
preexisting or situational biases, which 
would aid forecasters in flash and river 
flooding predictions. 
 The analysis and comparison 
completed suggest methods of testing QPF 
weighting in hydrological models to improve 
flood forecasts, which could be addressed in 
future research. Associating displacement 
errors with other situational model inputs, 
such as shear, Convective Available Potential 
Energy, and moisture content of the 
atmosphere could provide additional factors 
to help predict QPF displacements. 
Nevertheless, this study shows that QPF 
displacements are not entirely random and 
suggests there may be ways to improve 
model ensemble QPF forecasts. 
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Appendix A: List of Cases 
  
This appendix includes a comprehensive list of cases used in this study. The format is in 
MMDD_HH_YYYY, where MM is month, DD is day, HH is initialization hour and 
YYYY is year. 
 
• 0502_00_2018 
• 0503_00_2018 
• 0504_00_2018 
• 0512_00_2018 
• 0514_00_2018 
• 0523_00_2018 
• 0614_00_2018 
• 0616_00_2018 
• 0616_12_2018 
• 0617_00_2018 
• 0617_12_2018 
• 0618_00_2018 
• 0618_12_2018 
• 0620_00_2018 
• 0620_12_2018 
• 0621_00_2018 
• 0624_12_2018 
• 0626_12_2018 
• 0630_12_2018 
• 0701_00_2018
 
